With a high spatial resolution and wide coverage, satellite-based precipitation products have compensated for the shortcomings of traditional measuring methods based on rain gauge stations, such as the sparse and uneven distribution of rain gauge stations. However, the accuracy of satellite precipitation products is not high enough in some areas, and the causes of their errors are complicated. In order to better calibrate and apply the product's data, relevant research on this kind of product is required. Accordingly, this study investigated the spatial error distribution and spatial influence factors of the Tropical Rainfall Measuring Mission (TRMM) Multi-Satellite Precipitation Analysis (TMPA) post-process 3B42V7 (hereafter abbreviated as 3B42V7) data over mainland China. This study calculated accuracy indicators based on the 3B42V7 data and daily precipitation data from 797 rain gauge stations across mainland China over the time range of 1998-2012. Then, a clustering analysis was conducted based on the accuracy indicators. Moreover, the geographical detector (GD) was used to perform the error cause analysis of the 3B42V7. The main findings of this study are the following. (1) Within mainland China, the 3B42V7 data accuracy decreased gradually from the southeast coast to the northwest inland, and shows a similar distribution for precipitation. High values of systematic error (>1.0) is mainly concentrated in the southwest Tibetan Plateau, while high values of random error (>1.0) are mainly concentrated around the Tarim Basin. (2) Mainland China can be divided into three areas by the spectral clustering method. It is recommended that the 3B42V7 can be effectively used in Area I, while in Area III the product should be calibrated before use, and the product in Area II can be used after an applicability study. (3) The GD result shows that precipitation is the most important spatial factor among the seven factors influencing the spatial error distribution of the 3B42V7 data. The relationships between spatial factors are synergistic rather than individual when influencing the product's accuracy. rain gauge stations. This type of data plays an important part in documenting the characteristics of precipitation over global land areas, and the regional precipitation data are usually obtained by spatial interpolation. However, due to the characteristic spatial uncertainty of precipitation and the sparse and uneven distribution of rain gauge stations on the land's surface, it is generally difficult to satisfy the quality requirements of precipitation data for spatial distribution in some areas where precipitation data is obtained by this method [2, 3] . The other way is the indirect measuring method based on sensor and data assimilation technology, such as precipitation radar and satellite-based remote sensing technology. Especially for a series of satellite-based precipitation products developed in recent years, this method effectively compensates for the deficiencies of the spatial continuity of the conventional measuring method based on rain gauge stations [4] . With a larger coverage and higher spatiotemporal resolution, this method satisfies demands for the spatial distribution of precipitation data and could provide data references for some areas lacking rain gauge stations.
Introduction
Precipitation data availability has been highlighted as a major constraint on the effective application of the hydrological model, and it has been argued that the quality of the precipitation data inputs to the model is often more important than the choice of model itself [1] . Currently, there are two common ways to collect precipitation data. One is the traditional direct measuring method based on ground Summing up the above findings, we established that there are sufficient studies that explored the applicability and hydrological utility of 3B42V7 in local areas in China with different topographical and climatic conditions, and concluded that the product accuracy is closely related to geographical factors and spatial effects like topography and terrain, longitude and latitude. However, the findings in local areas have obvious regional characteristics due to the relatively small study area, which also caused a fragmented knowledge on the entirety China on this topic. As a result, studies on the spatial error distribution of 3B42V7 at the national scale in China are relatively scarce. Additionally, few studies using geographical detectors (GDs) to perform quantitative analysis about the effect of spatial influence factors on 3B42V7 data accuracy have been reported. Also, the interaction of various spatial influence factors on product accuracy needs further exploration.
Therefore, the major objectives of this study are the following: (1) to study the spatial error distribution in mainland China using the 3B42V7 data as the research data set and eight statistical parameters as accuracy evaluation indicators; (2) to use the spectral clustering method to divide the area with similar accuracy according to the accuracy indicators, and then propose the corresponding usage recommendations for the areas with similar accuracy; (3) explore the cause of spatial error distribution by using GD. This study can provide a reference for research on the evaluation, calibration, and application of the 3B42V7 in mainland China.
Study Area and Dataset

Study Area
The territory of China spans nearly 50 degrees of latitude from north to south (3 • 31" N-53 • 33 N) and over 62 degrees of longitude from west to east (135 • 2 30" E-73 • 30 E). Nearly all the areas in mainland China are included in the coverage region of 3B42V7 (below 50 • N). Located in eastern Asia, this study area has a wide variety of topographic features and its mountains and plateaus cover a vast area. The topography of the study area appears to have a ladder-like distribution from west to east and can generally be divided into three levels. The first ladder, with an average altitude of above 4000 m, consists mainly of the Tibetan Plateau, and its climate is basically an alpine highland climate. The second ladder, with an average altitude of 1000-2000 m, consists predominantly of basins and plateaus and various climates including mainly alpine plateau climates, temperate continental climates, temperate monsoon climates, and subtropical monsoon climates. The third ladder is mostly below 500 m and consists mainly of plains and hills with various climates including mainly tropical monsoon climates, subtropical monsoon climates, and temperate monsoon climates. Generally, the monsoon climate in the study area is significant and most areas belong to temperate continental monsoon climates.
Dataset
In this study, the daily precipitation data from 812 rain gauge stations over mainland China archived by the China Meteorological Administration (CMA) for 15 years (from 1998 to 2012) was collected as the benchmark precipitation data. After removing incomplete data sequences or areas not covered by 3B42V7, data from a total of 797 stations (Figure 1 ) are still available. The rain gauge stations are generally sparsely distributed in the western mountains and deserts of China, but are considerably denser at low elevations in the eastern part. These precipitation data had been subjected to a series of quality controls, including examining extreme values and internal consistency checks (e.g., duplicate data and position, incorrect units, and data coding, etc.), and removal of questionable data. This data set was used as the reference data.
We collected the daily precipitation data extracted from the 3B42V7 data which can be downloaded from the following NASA website (https://pmm.nasa.gov/data-access/downloads/trmm). The 3B42V7 data also includes the corresponding sequences from 1998 to 2012 for 15 years. These data have a spatial resolution of 0.25 • × 0.25 • over the 50 • N-S global latitude band, a time range beginning on 1 January 1998 and a 3-h highest temporal resolution. The rain gauge station data is completely Water 2019, 11, 1435 4 of 19 independent of the 3B42V7 data, because the rain gauge station data is directly measured by rain gauges while the 3B42V7 data is generated by sensor and data assimilation technology. The spatial distribution of the annual average precipitation is shown in Figure 2 . highest temporal resolution. The rain gauge station data is completely independent of the 3B42V7 data, because the rain gauge station data is directly measured by rain gauges while the 3B42V7 data is generated by sensor and data assimilation technology. The spatial distribution of the annual average precipitation is shown in Figure 2 . The Digital Elevation Model (DEM) data was used to extract geographical factors, such as elevation, slope, slope direction, longitude, latitude, terrain complexity, aspect and the annual average precipitation. The DEM data on mainland China (Figure 1 ) with a 1-km resolution is released by the United States Geological Survey (USGS, Reston, VA, USA).
Methodology
Accuracy Evaluation Indicator
This study calculated accuracy indicators based on the rain gauge station data and the precipitation data extracted from the 3B42V7 data set from the rain gauge station grid from 1998 to 2012. The accuracy evaluation indicators can be divided into the following three categories:
(1) Correlation indicators: they are used to measure the similarity between the 3B42V7 data and ground rain gauge stations. The Pearson correlation coefficient R is used as an indicator here. highest temporal resolution. The rain gauge station data is completely independent of the 3B42V7 data, because the rain gauge station data is directly measured by rain gauges while the 3B42V7 data is generated by sensor and data assimilation technology. The spatial distribution of the annual average precipitation is shown in Figure 2 . The Digital Elevation Model (DEM) data was used to extract geographical factors, such as elevation, slope, slope direction, longitude, latitude, terrain complexity, aspect and the annual average precipitation. The DEM data on mainland China (Figure 1 ) with a 1-km resolution is released by the United States Geological Survey (USGS, Reston, VA, USA).
Methodology
Accuracy Evaluation Indicator
(1) Correlation indicators: they are used to measure the similarity between the 3B42V7 data and ground rain gauge stations. The Pearson correlation coefficient R is used as an indicator here. The Digital Elevation Model (DEM) data was used to extract geographical factors, such as elevation, slope, slope direction, longitude, latitude, terrain complexity, aspect and the annual average precipitation. The DEM data on mainland China (Figure 1 ) with a 1-km resolution is released by the United States Geological Survey (USGS, Reston, VA, USA).
Methodology
Accuracy Evaluation Indicator
(1) Correlation indicators: they are used to measure the similarity between the 3B42V7 data and ground rain gauge stations. The Pearson correlation coefficient R is used as an indicator here. (2) Error indicators: in order to measure the deviation from the total rainfall of the 3B42V7 data, the absolute bias (BABS) was selected as the indicator. For the error measurement during the calculation process, precipitation has a strong positive correlation with the mean square error (MSE) and root-mean-square error (RMSE) [49] , thus it is difficult to reflect the true situation of the error in China. Therefore, the normalized mean square error (NMSE) was adopted as the indicator [50, 51] . The NMSE represents the ratio of the deviation of the estimation error from the observation. When the NMSE is greater than 1, it can be considered that the advisability of product estimation is inferior to that of the rain gauge station observation [49] . Considering the systematic and random components of the error in the TMPA-3B42 product [52] , we adopted the systematic normalized mean square error (NMSE sys ) and the random normalized mean square error (NMSE rnd ) as the error indicators in this study. The systematic and random errors are large when the NMSE sys and NMSE rnd are greater than one. The systematic and random errors are the quantification of uncertainties of satellite precipitation products. The larger the random component of the error is, the greater the uncertainty of the TMPA-3B42. Generally, the uncertainty of products is caused by sensor error, retrieval error, spatial and temporal sampling and other factors. In this study, the calculations and decomposition of the NMSE sys and NMSE rnd refer to those previously reported in the research [53] . (3) Forecast capacity indicators: this type of indicator can be used to assess the ability to identify whether a daily precipitation event has occurred. In this study, several widely used statistical indices were selected to quantitatively identify whether a daily precipitation event has occurred, including the probability of detection (POD), false alarm ratio (FAR) [54] and Heidke's skill score (HSS) [46] . The POD reflects the degree of omission of the 3B42V7 data for precipitation events ranging from 0 at the good end to 1 at the poor end. The FAR reflects the degree of false reporting of the product data ranging from 0 at the good end to 1 at the poor end. The HSS reflects the comprehensive ability to recognize the occurrence of precipitation events from the product data, representing the accuracy of the product data prediction compared to random forecasts.
The R, NMSE, NMSE sys and NMSE rnd are correspondingly calculated at the daily and monthly scales, and the other indicators are only calculated at the daily scale. The formulas to calculate the above-mentioned indices are listed in the Table 1 . Table 1 . Formulas of the accuracy indicators.
Accuracy
Indicator Calculation Formulas Comments Perfect Value
P is the rain gauge station data, and P is its mean value; Q is the data of the 3B42V7, and Q is its mean value.
Q * i is calculated as follows: Q * i = a · P i + b Note that a, b are slope and intercept of P~Q least squares regression line respectively. P, Q are ibid.
n 11 is the frequency of rain for 3B42V7 data and rain gauge station data; n 10 is the frequency of occurrence of rainfall events in the former and no occurrence of rainfall events in the latter; n 01 is the frequency of no occurrence of rainfall events in the former and occurrence of rainfall events in the latter; n 00 is the frequency of both without rain.
1 FAR n10 n11+n10 0 HSS 2(n11n00−n10n01) (n11+n01)(n01+n00)+(n11+n10)(n10+n00) 1 Note: R-Pearson correlation coefficient, BABS-absolute bias, NMSE-normalized mean square error, NMSE syssystematic normalized mean square error, NMSE rnd -random normalized mean square error, POD-probability of detection, FAR-false alarm ratio, HSS-Heidke's skill score.
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Spectral Clustering Method
The spectral clustering method [55, 56] , a kind of clustering method based on spectral graph theory [57] , was used to regionally divide the rain gauge stations in mainland China according to the accuracy indicators. The main steps of spectral clustering are as follows. First, a data point set is treated as a vertex of a weighted undirected graph structure, and the weight of each side in the weighted undirected graph structure is the similarity between points. Using the similarity between all points, we can obtain the adjacency matrix of the weighted undirected graph. After calculating the sum of the elements of each row of the adjacent matrix, we can obtain a diagonal matrix called the degree matrix. Second, the degree matrix and adjacency matrix are combined to calculate the Laplace matrix and extract the eigenvectors and eigenvalues. Third, the eigenvectors corresponding to the minimum k eigenvalues are partitioned [58] . The spectral clustering method was originally used as an image processing method [59] . It was later extended as a new unsupervised learning method to other fields, such as speech recognition [60] , biology [61] , geoinformatics [62] , process control [63] , etc. Compared with conventional clustering methods, like K-means and hierarchical clustering, the spectral clustering method can cluster on the sample space of arbitrary shapes and converge results to the global optimal solution. Generally, this method has a better performance with various kinds of data sets [58] .
Currently, the spectral clustering method is fully implemented in MATLAB, Python, R and other platforms. The Speccalt package in the R platform was used in this study (https://CRAN.R-project.org/ package=speccalt).
Geographical Detector
In order to investigate the causes of the spatial error distribution of the product, the GD is used to detect the relationship between the 3B42V7 data accuracy and the various spatial influencing factors. The GD, released by Wang et al. [64, 65] is a new statistical method used to detect the spatial stratified heterogeneity and determine the driving factors among the factors. With no linear hypothesis, this method has an elegant form and definite physical meaning. It was originally used to investigate the mechanism of geographical influencing factors on disease risk. The GD can be used to measure spatial stratified heterogeneity, detect explanatory factors and analyze interactions between variables. In view of its advantages, this method has already been applied in many fields of natural and social sciences, such as landscape ecology [66] , land utilization [67] , urban and rural planning [68] , etc. In this study, we used GD to study the effects of the spatial influencing factors on the research indicators.
There are four kinds of GDs, namely the Rick detector, factor detector, ecological detector and interaction detector. In this study, we used the factor detector and interaction detector to analyze the main spatial influencing factors influencing the 3B42V7 data accuracy and the interaction of various factors. The main feature of the factor detector is that it discretizes each spatial influence factor into different levels and calculates the variance of the accuracy indicator at the different levels of each factor. The equation of model is as follows:
where P D,I is the influencing power of the indicator of the spatial influencing factor D on the accuracy indicator I; n I , and σ 2 I are the total number of samples and the variance of the accuracy indicators, respectively; m is the number of the level of factor D; n D,l , and σ 2
are the total number of samples and the variance of accuracy indicator I in the level l of factor D, respectively. The value of P D,I is between 0 and 1, and the larger the value is, the more significant the influence of factor D is on the accuracy indicator I.
The main step of the interaction detector is to calculate the P D,I (D 1 ∩ D 2 ) indicator between the two kinds of different influence factors and the P D,I indicator of each factor, and then compare the two indicators to determine whether its effect on the accuracy of the product indicators is one of mutual enhancement or mutual weakening. According to the formulas and the specific methods in the study of Wang et al. [64, 65] , we wrote a computing program in R language to implement the computing task. The specific methods are as follows:
We then could obtain the spatial error distribution over mainland China and explore the error cause of TMPA-3B42V7 satellite-based precipitation products by using the above-mentioned methodologies. The flow chart of the research process is shown in Figure 3 .
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Results and Analysis
The Spatial Error Distribution of the 3B42V7
Based on the 3B42V7 data and rain gauge station data, we calculated the accuracy indicators and then obtained the spatial distribution of each indicator using the spatial interpolation method, as shown in Figures 4-8 .
Specifically, from the spatial distribution of the Pearson correlation coefficient R value (Figure 4 ), at the daily scale, the values in the southeast and southwest of China are apparently higher than those in the northwest of China. The R values in some regions, such as the Tarim Basin are even below 0.3, and some regions from the northeast of China to southern Tibet are approximately at the median level (0.5). Instead, at the monthly scale, most regions in eastern China have high R values (above 0.9), but in some regions in northwest China still have relatively low R values (about 0.6). The spatial distribution of the NMSE at the daily and monthly scales of the 3B42V7 data in mainland China are shown in Figure 5 . At the daily scale, the NMSE values in most of western China and parts of northeastern China are above 1.0, which indicates that the advisability of the product estimation is inferior to that of the rain gauge station observation and the products are not recommended for use in these regions [51] . At the monthly scale, the NMSE values in most regions significantly decreased, with most of them falling below 0.4. However, in some regions, such as the southwest of the Tibetan Plateau and the northeast of Sinkiang, the NMSE values were still high (above 1.0). The spatial distribution of the NMSE at the daily and monthly scales of the 3B42V7 data in mainland China are shown in Figure 5 . At the daily scale, the NMSE values in most of western China and parts of northeastern China are above 1.0, which indicates that the advisability of the product estimation is inferior to that of the rain gauge station observation and the products are not recommended for use in these regions [51] . At the monthly scale, the NMSE values in most regions significantly decreased, with most of them falling below 0.4. However, in some regions, such as the southwest of the Tibetan Plateau and the northeast of Sinkiang, the NMSE values were still high (above 1.0). The spatial distribution of the NMSE and NMSE at the daily and monthly scales of the 3B42V7 data in mainland China are shown in Figures 6 and 7 . According to the spatial distribution of the NMSE , the product has a low systematic error in most regions, and the areas with high values are mainly distributed in the southwest of the Tibetan Plateau. It is speculated that the spatial distribution of the NMSE is more likely to be influenced by topography. In comparison, the spatial distribution of the NMSE is closer to that of the correlation coefficient R, which has a gradual trend with low values in the southeast and high values in the northwest. Also, areas with the highest values are around the Tarim Basin, which indicates that the random error may be more closely related to less precipitation in these areas. According to the distribution of the two accuracy indicators, it is speculated that the errors of the 3B42V7 data in the northwest and northeast of China are more likely to be caused by random error, while those in the Tibet region are more likely to be caused by systematic error. According to the spatial distribution of the BABS and HSS of the 3B42V7 data in mainland China (Figure 8 ), the BABS in eastern China are within 25% to 50% in most regions of western China, and there are large BABS parts in the Himalayas, Qaidam Basin and eastern Mount Tianshan. The The spatial distribution of the NMSE and NMSE at the daily and monthly scales of the 3B42V7 data in mainland China are shown in Figures 6 and 7 . According to the spatial distribution of the NMSE , the product has a low systematic error in most regions, and the areas with high values are mainly distributed in the southwest of the Tibetan Plateau. It is speculated that the spatial distribution of the NMSE is more likely to be influenced by topography. In comparison, the spatial distribution of the NMSE is closer to that of the correlation coefficient R, which has a gradual trend with low values in the southeast and high values in the northwest. Also, areas with the highest values are around the Tarim Basin, which indicates that the random error may be more closely related to less precipitation in these areas. According to the distribution of the two accuracy indicators, it is speculated that the errors of the 3B42V7 data in the northwest and northeast of China are more likely to be caused by random error, while those in the Tibet region are more likely to be caused by systematic error. According to the spatial distribution of the BABS and HSS of the 3B42V7 data in mainland China (Figure 8 ), the BABS in eastern China are within 25% to 50% in most regions of western China, and there are large BABS parts in the Himalayas, Qaidam Basin and eastern Mount Tianshan. The 
Clustering Analysis of the 3B42V7 Data Accuracy
In order to more concisely present the comprehensive accuracy distribution of 3B42V7 data in mainland China, we performed a clustering analysis focusing on rain gauge stations based on the accuracy indicators of spectral clustering methods. According to the 3B42V7 data and the precipitation data of the 797 rain gauge stations, the eight accuracy indicators (i.e., R, NMSE, NMSE , NMSE at the daily and monthly scale, BABS, HSS, POD and FAR) were taken as sample data, taking each accuracy indicator as the sample characteristics. In order to make the clustering consequence as concise as possible for reference, the number of clustering was selected as 3.
Due to large differences in the dimensions of the accuracy indicators, the sample data should be standardized before clustering. Accordingly, the standardized treatment is that the eigenvalues of all samples corresponding to each of the sample characteristics is subtracted from the mean value and then the calculated result is divided by the standard deviation of the eigenvalues, which ultimately makes the numerical distribution of the features as consistent as possible. Then, the spectral clustering method was used to cluster the standardized sample data, and the affinity matrix was calculated by the Gaussian radial basis function. However, it is difficult for each clustering method to directly give a perfect clustering result. Thus, according to the spatial distribution of each point, we manually classified some points that were clearly problematic for partitioning after clustering. According to the spectral clustering result, the entire mainland China was divided into three regions by three accuracy levels (Figure 9 ). The results of the spatial interpolation show that, in general, the consequence of the accuracy indicators gets worse from southeastern to northwestern China and such distribution is similar to the spatial distribution of precipitation, which is consistent with earlier relevant research. Accordingly, it is surmised that geographical factors, such as topography and spatial distribution of precipitation, may have a great influence on the spatial error distribution of the 3B42V7 data. Specifically, from the spatial distribution of the Pearson correlation coefficient R value (Figure 4 ), at the daily scale, the values in the southeast and southwest of China are apparently higher than those in the northwest of China. The R values in some regions, such as the Tarim Basin are even below 0.3, and some regions from the northeast of China to southern Tibet are approximately at the median level (0.5). Instead, at the monthly scale, most regions in eastern China have high R values (above 0.9), but in some regions in northwest China still have relatively low R values (about 0.6).
The spatial distribution of the NMSE at the daily and monthly scales of the 3B42V7 data in mainland China are shown in Figure 5 . At the daily scale, the NMSE values in most of western China and parts of northeastern China are above 1.0, which indicates that the advisability of the product estimation is inferior to that of the rain gauge station observation and the products are not recommended for use in these regions [51] . At the monthly scale, the NMSE values in most regions significantly decreased, with most of them falling below 0.4. However, in some regions, such as the southwest of the Tibetan Plateau and the northeast of Sinkiang, the NMSE values were still high (above 1.0).
The spatial distribution of the NMSE sys and NMSE rnd at the daily and monthly scales of the 3B42V7 data in mainland China are shown in Figures 6 and 7 . According to the spatial distribution of the NMSE sys , the product has a low systematic error in most regions, and the areas with high values are mainly distributed in the southwest of the Tibetan Plateau. It is speculated that the spatial distribution of the NMSE sys is more likely to be influenced by topography. In comparison, the spatial distribution of the NMSE rnd is closer to that of the correlation coefficient R, which has a gradual trend with low values in the southeast and high values in the northwest. Also, areas with the highest values are around the Tarim Basin, which indicates that the random error may be more closely related to less precipitation in these areas. According to the distribution of the two accuracy indicators, it is speculated that the errors of the 3B42V7 data in the northwest and northeast of China are more likely to be caused by random error, while those in the Tibet region are more likely to be caused by systematic error.
According to the spatial distribution of the BABS and HSS of the 3B42V7 data in mainland China (Figure 8 ), the BABS in eastern China are within 25% to 50% in most regions of western China, and there are large BABS parts in the Himalayas, Qaidam Basin and eastern Mount Tianshan. The above analysis indicates that topographic factors may have a greater impact on the relative bias of the product. The ability of the product to detect precipitation events reveals a spatial distribution in which the southeast is superior to the northwest. Moreover, some regions in the Yunnan-Guizhou Plateau have a lower HSS than those in other areas.
In order to more concisely present the comprehensive accuracy distribution of 3B42V7 data in mainland China, we performed a clustering analysis focusing on rain gauge stations based on the accuracy indicators of spectral clustering methods. According to the 3B42V7 data and the precipitation data of the 797 rain gauge stations, the eight accuracy indicators (i.e., R, NMSE, NMSE sys , NMSE rnd at the daily and monthly scale, BABS, HSS, POD and FAR) were taken as sample data, taking each accuracy indicator as the sample characteristics. In order to make the clustering consequence as concise as possible for reference, the number of clustering was selected as 3.
Due to large differences in the dimensions of the accuracy indicators, the sample data should be standardized before clustering. Accordingly, the standardized treatment is that the eigenvalues of all samples corresponding to each of the sample characteristics is subtracted from the mean value and then the calculated result is divided by the standard deviation of the eigenvalues, which ultimately makes the numerical distribution of the features as consistent as possible. Then, the spectral clustering method was used to cluster the standardized sample data, and the affinity matrix was calculated by the Gaussian radial basis function. However, it is difficult for each clustering method to directly give a perfect clustering result. Thus, according to the spatial distribution of each point, we manually classified some points that were clearly problematic for partitioning after clustering. According to the spectral clustering result, the entire mainland China was divided into three regions by three accuracy levels ( Figure 9 ). 
Due to large differences in the dimensions of the accuracy indicators, the sample data should be standardized before clustering. Accordingly, the standardized treatment is that the eigenvalues of all samples corresponding to each of the sample characteristics is subtracted from the mean value and then the calculated result is divided by the standard deviation of the eigenvalues, which ultimately makes the numerical distribution of the features as consistent as possible. Then, the spectral clustering method was used to cluster the standardized sample data, and the affinity matrix was calculated by the Gaussian radial basis function. However, it is difficult for each clustering method to directly give a perfect clustering result. Thus, according to the spatial distribution of each point, we manually classified some points that were clearly problematic for partitioning after clustering. According to the spectral clustering result, the entire mainland China was divided into three regions by three accuracy levels (Figure 9 ). The distribution of the accuracy indicators of the three accuracy level areas shown in Figure 10 reveals that the spectral clustering method produces a reasonable division for each point. In the same accuracy level region, the 3B42V7 data accuracy is similar, but is quite different between different accuracy level regions. The characteristics of the 3B42V7 data accuracy in each area are as follows:
(1) Area I includes most areas in the southeast of China, the southern region of the North China Plain, the western Yunnan-Guizhou Plateau, the northern Sichuan Basin and the southeast of the Liaoning province. In most parts of Area I, the error of the 3B42V7 data is low (daily R is above 0.6 and monthly R is above 0.9). (2) Area II includes most areas in the northeast of China, the Inner Mongolia Plateau and its surrounding areas, eastern and southern Qinghai, the Yili Basin, the northern piedmont of the Tianshan mountains and the coast of the Bohai Sea. In most parts of Area II, the error of the 3B42V7 data is still low at the monthly scale with a high monthly R, but the error was relatively high at the daily scale, with a low daily R. (3) Area III includes most areas in the northwest of China, western Tibet, and the mountain regions in the southern Himalayas. In most parts of Area III, the error of the 3B42V7 data at the daily and monthly scales is significantly higher than that in the regions of Area I and Area II.
(1) Area I includes most areas in the southeast of China, the southern region of the North China Plain, the western Yunnan-Guizhou Plateau, the northern Sichuan Basin and the southeast of the Liaoning province. In most parts of Area I, the error of the 3B42V7 data is low (daily R is above 0.6 and monthly R is above 0.9). (2) Area II includes most areas in the northeast of China, the Inner Mongolia Plateau and its surrounding areas, eastern and southern Qinghai, the Yili Basin, the northern piedmont of the Tianshan mountains and the coast of the Bohai Sea. In most parts of Area II, the error of the 3B42V7 data is still low at the monthly scale with a high monthly R, but the error was relatively high at the daily scale, with a low daily R. (3) Area III includes most areas in the northwest of China, western Tibet, and the mountain regions in the southern Himalayas. In most parts of Area III, the error of the 3B42V7 data at the daily and monthly scales is significantly higher than that in the regions of Area I and Area II. 
Influence Factors Analysis for the 3B42V7 Data Accuracy
In order to perform a more comprehensive analysis of the influencing factors for 3B42V7 data accuracy, the R, NMSE, NMSE , NMSE , HSS and BABS were selected in this study as accuracy indicators based on the 3B42V7 data and rain gauge station data, and the following seven indicators were selected as potential influence factors: longitude (LNG), latitude (LAT), elevation (ELEV) of each ground rain gauge station, terrain complexity (TC) measured by the standard deviation of surface elevation within the grid, slope (SLO), the aspect (ASP) at the surface within the grid cell where the rain gauge stations are located, and the annual average precipitation (PREC). Then, we 
In order to perform a more comprehensive analysis of the influencing factors for 3B42V7 data accuracy, the R, NMSE, NMSE sys , NMSE rnd , HSS and BABS were selected in this study as accuracy indicators based on the 3B42V7 data and rain gauge station data, and the following seven indicators were selected as potential influence factors: longitude (LNG), latitude (LAT), elevation (ELEV) of each ground rain gauge station, terrain complexity (TC) measured by the standard deviation of surface elevation within the grid, slope (SLO), the aspect (ASP) at the surface within the grid cell where the rain gauge stations are located, and the annual average precipitation (PREC). Then, we used the factor detector and interaction detector to further analyze the relationship between the spatial influencing factors and product accuracy. This method could quantitatively analyze the relative influence of each factor and the interaction between factors. In this way, we can perform a direct comparison and ascertain which kind of influence factors that mainly affects the errors of the product. Considering the high error of the 3B42V7 data in Area III in the clustering analysis results, it is not recommended to use this product directly in Area III, and we additionally believe that the cause analysis of the 3B42V7 data in Area III is of little significance in this study. Therefore, only 682 rain gauge stations in Area I and Area II were selected for the GD analysis. In addition, the calculation of the GD needs the discrete data from potential influencing factors. Thus, in advance, we discretized the potential influencing factors into 10 levels by the K-means method.
The results of the factor detection of accuracy indicators in Area I and Area II, shown in Figure 11 , reveal that the P D,I value of PREC is the highest in R, NMSE rnd and HSS, which indicates that PREC is a strong determinant for these three accuracy indicators. In R and NMSE rnd , the P D,I values of LAT are only second to PREC and are also high in HSS. So, it is obvious that LAT is also a relatively strong determinant for these three indicators. The ranking of the P D,I value of LAT in the NMSE rnd is higher than that in the NMSE sys , which indicates that LAT has a greater impact on the random error than on the systematic error. For the NMSE, the P D,I values of LNG and ELEV are slightly higher than those of the other potential influencing factors. For BABS, the P D,I value of ELEV is clearly higher than those of the other potential influencing factors. For the NMSE sys , the P D,I value of ELEV and LNG are significantly higher than those of the other potential influencing factors. In addition, SLO and ASP have low P D,I values in these six accuracy indicators, thus it can be speculated that the slope and slope direction have a low impact on the accuracy of the product. direct comparison and ascertain which kind of influence factors that mainly affects the errors of the product. Considering the high error of the 3B42V7 data in Area III in the clustering analysis results, it is not recommended to use this product directly in Area III, and we additionally believe that the cause analysis of the 3B42V7 data in Area III is of little significance in this study. Therefore, only 682 rain gauge stations in Area I and Area II were selected for the GD analysis. In addition, the calculation of the GD needs the discrete data from potential influencing factors. Thus, in advance, we discretized the potential influencing factors into 10 levels by the K-means method.
The results of the factor detection of accuracy indicators in Area I and Area II, shown in Figure  11 , reveal that the P , value of PREC is the highest in R, NMSE and HSS, which indicates that PREC is a strong determinant for these three accuracy indicators. In R and NMSE , the P , values of LAT are only second to PREC and are also high in HSS. So, it is obvious that LAT is also a relatively strong determinant for these three indicators. The ranking of the P , value of LAT in the NMSE is higher than that in the NMSE , which indicates that LAT has a greater impact on the random error than on the systematic error. For the NMSE, the P , values of LNG and ELEV are slightly higher than those of the other potential influencing factors. For BABS, the P , value of ELEV is clearly higher than those of the other potential influencing factors. For the NMSE , the P , value of ELEV and LNG are significantly higher than those of the other potential influencing factors. In addition, SLO and ASP have low P , values in these six accuracy indicators, thus it can be speculated that the slope and slope direction have a low impact on the accuracy of the product. The results of the interaction detector for the accuracy indicators shown in Figure 12 reveal that the interaction of LNG, LAT and PREC (both in R and NMSE rnd ) and the interaction of LNG and ELEV (both in NMSE and NMSE sys ) exhibited bivariate enhancement. The interactions of the other potential influencing factors are higher than the sum of their respective influences and show a nonlinear synergistic relationship.
The results of the interaction detector for the accuracy indicators shown in Figure 12 reveal that the interaction of LNG, LAT and PREC (both in R and NMSE ) and the interaction of LNG and ELEV (both in NMSE and NMSE ) exhibited bivariate enhancement. The interactions of the other potential influencing factors are higher than the sum of their respective influences and show a nonlinear synergistic relationship. 
Discussion
In this study area, we found that, in general, the consequence of accuracy indicators gets worse from southeastern to northwestern China. Such a distribution is not only similar to the spatial distribution of precipitation, but also to the spatial distribution of the topography, climate type and temperature zones of mainland China. Our results are also consistent with those of other studies showing that in general, the accuracy of TRMM rainfall events decreased from the southeast coastal region to the northwest inland region [26, 27, 38] . According to the relevant studies and the results of this study, it is hypothesized that the spatial error distribution of the 3B42V7 may be mainly affected by spatial factors, such as topography and precipitation.
This study conducted a clustering analysis based on accuracy indicators and the spectral clustering method to produce a reasonable division. The 3B42V7 data accuracy is similar in the same accuracy level region, but is quite different between different accuracy level regions. In these three areas, many studies have evaluated product accuracy and hydrological utility of the 3B42V7 at different basin scales.
In Area I, some researchers have conducted runoff simulations based on the rain gauge station data and 3B42V7 data over the Lijiang River Basin, Xiangjiang River basin and Xinjiang catchment, and they all found that the applicability of the 3B42V7 data is satisfactory [32, 43, 44] . By using the 
In Area I, some researchers have conducted runoff simulations based on the rain gauge station data and 3B42V7 data over the Lijiang River Basin, Xiangjiang River basin and Xinjiang catchment, and they all found that the applicability of the 3B42V7 data is satisfactory [32, 43, 44] . By using the calibrated 3B42V7 data, Zhang et al. [28] successfully applied two different hydrological models for runoff monitoring in the Yangtze River Basin. Other researchers have also proposed an improved method for analyzing the hydrological utility of the 3B42V7 data. For example, Wu et al. [45] have developed a multi-source precipitation-merging method to improve the applicability of the product's data in a typical region of the East China Plain. In the field of drought monitoring, some studies have found that 3B42V7 data can reflect the temporal and spatial evolution of droughts in mainland China, and 3B42V7 data is suitable for the monitoring and evaluation of meteorological drought at a large scale [22, 23] . In the field of water resource planning, Yang et al. [31] found that 3B42V7 data is useful for monthly streamflow simulations and long-term reservoir operations. Thus, the above studies found that 3B42V7 data has a satisfactory hydrological utility at the basin scale.
In Area II, Wang et al. [39] evaluated and bias-corrected 3B42V7 data under complex topographic and climatic conditions over the Hexi Region, located in the northwest arid region of China. Their results suggested that regional assessment and bias correction of 3B42V7 data were essential in similar areas. Taking the upper reaches of the Yangtze River as their research area, Yang at al. [69] found that 3B42V7 data has an acceptable application value, but its application was better after integration and calibration of the precipitation data from the ground rain gauge data. Another study also found that the error of the 3B42V7 data over the Hun-Tai Basin in the northeast of China was relatively high, and suggested calibration be performed [70] . According to the above findings, effective calibration can improve the practicability of 3B42V7 data for hydrological applications in Area II.
In Area III, there are relatively few studies on the evaluation of a series of product. Relatively limited studies suggested that the TMPA-3B42 product has a relatively poor performance in the Tibetan Plateau, Sinkiang, parts of Gansu, Inner Mongolia, Qinghai, and Ningxia provinces, and therefore some necessary corrections need to be performed before using it [40, 41, 47] .
Based on the results of the clustering analysis and previous research, this study provides the following usage recommendations for the three areas. For Area I, 3B42V7 data can be effectively used for hydrological simulation, water resource planning, drought monitoring and other research purposes or applications. It can be used after studying its local applicability if necessary. For Area II, when using 3B42V7 data, it would be better to conduct an accuracy evaluation and applicability research first, and perform a calibration if necessary. For Area III, 3B42V7 data should be calibrated before use. Hopefully, the regional division and usage recommendations proposed in this study can provide a reference for meteorological and hydrological studies on 3B42V7 data in mainland China.
In this study, we also conducted an error cause analysis of the 3B42V7 data. Some related studies have examined the influencing factors of 3B42V7 data accuracy. For example, taking the southern Tibetan Plateau as an example, Xu et al. [47] found that the performance of the 3B42V7 data is associated with topography and rainfall intensity. However, generally, few studies exploring influencing factors at the national scale have been reported. Additionally, previous studies have usually ignored some key factors, such as latitude, longitude and terrain complexity. In this study, we selected seven indicators (LNG, LAT, ELEV, TC, SLO, ASP, and PREC) as potential influencing factors and then used GD to quantitatively analyze the relationship between these potential influencing factors and the product accuracy. In the evaluation of the accuracy of the satellite-based precipitation product, the GD method is rarely used, but it may provide a new method for evaluating the influences of influencing factors on product accuracy. In this study, the results of factor detection showed that PREC is the primacy influencing factor for the R, NMSE rnd and HSS. Thus, it can be inferred that the spatial error distribution of the 3B42V7 data in mainland China is primarily caused by the spatial distribution of decreasing precipitation from the coast to inland regions. In addition, LAT is also an important determinant for the three indicators. We also found that LAT has a greater impact on random errors than on systematic errors. It can also be inferred that the influence of the latitude factors on 3B42V7 data accuracy is mainly embodied in the random error, which supports the observations of Yong et al. [36, 37] who suggested that the error structures of TMPA-3B42 were associated with latitude and elevation bands. The LNG and ELEV have a strong impact on the NMSE, while LNG, SD and ELEV are the spatial factors with great influence on the BABS. Thus, geographical factors have great influence on the spatial distribution of product accuracy. The main influencing factors for NMSE sys are ELEV and LNG, and the main influencing factor for NMSE rnd is PREC. Accordingly, it can be inferred that the systematic error is mainly affected by geographical factors and the random error is mainly affected by precipitation. Moreover, SLO and ASP have low P D,I values in the six accuracy indicators, thus indicating that slope and slope direction have no significant influence on 3B42V7 data accuracy. However, Zeng et al. [48] found that the slope has an influence on the accuracy of the TRMM-3B43, suggesting that a steeper slope was an indicator of a worse quality of product data, which is quite different from the findings of this study. However, their study area is only focused on the Lancang River basin, which features typical alpine and gorge regions. Thus, it is not surprising that its topography has a significant influence on the accuracy of the satellite-based precipitation product. Generally, only seven potential influencing factors were used in our study due to data unavailability and the results could be more detailed if more influencing factors were considered, such as different types of cloud and precipitation that induce errors [3, 29, 71, 72] .
The results of the interaction detection clearly revealed that the relationships between spatial factors were synergistic rather than individual when influencing product accuracy. It can also be surmised that in the case of the same climatic condition, 3B42V7 data accuracy would decrease in some areas with complex topography and long span area. Therefore, when calibrating the 3B42V7 data, the geographical factors of the study area should be fully considered so as to further improve the applicability and accuracy of the data.
Based on these findings, we propose the following suggestions: (1) to improve satellite precipitation retrieval algorithms, it is recommended to focus more on geographical influence factors as well as the interaction between influencing factors. (2) GD has considerable potential in the error cause analysis of the satellite precipitation products, as it could be used to quantitatively analyze the relative influence of a single factor and the interaction between factors. Additionally, it could also be used to detect the most influential factors on product accuracy in different study areas, which would provide guidance for product data correction.
Conclusions
In this study, we calculated eight accuracy indicators (i.e., daily and monthly R, NMSE, NMSE sys , NMSE rnd and BABS, POD, FAR, and HSS) based on 3B42V7 and rain gauge station data. We also analyzed the spatial distribution of the accuracy indicators and conducted a clustering analysis focusing on data from rain gauge stations based on accuracy indicators by spectral clustering methods. Moreover, the GD was used to assess the relationship between product accuracy and the seven spatial influencing factors. The main conclusions drawn from this study are summarized as follows:
(1) Within mainland China, 3B42V7 data accuracy decreases gradually from the southeast coastal region to the northwest inland region, which shows a similar distribution to precipitation. At the daily scale, the product has large errors in most regions of western China and parts of the northeast of China (NMSE > 1.0). In comparison, at the monthly scale, the product errors in most regions of mainland China have significantly smaller values (most of the NMSEs are below 0.4), but there are still large errors in the southwest of the Tibetan Plateau and the northeast of Sinkiang. The high value of the systematic error is mainly concentrated in the southwest of the Tibetan Plateau, while the high values of the random error are mainly concentrated around the Tarim Basin. Additionally, the relative bias in eastern China is within 25%, and most areas in western China are less than 50%. (2) Mainland China can be divided into three areas by the spectral clustering method. The 3B42V7
data could be used effectively in Area I due to its high product accuracy, while the product in Area III should be calibrated before use due to the relatively low product accuracy. The product accuracy in Area II is between that of Area I and III and the product can be used after an applicability study. (3) Precipitation is the most important spatial factor among the seven factors influencing the spatial error distribution of the 3B42V7, with great influence on all the accuracy indicators, especially for R, NMSE rnd and HSS. Latitude also has a certain influence on the spatial error distribution, which was mainly embodied in the random error. Topography is the main factor influencing the systematic error distribution of the product, and precipitation is the main factor influencing the random error distribution. Also, slope and slope direction have no significant influence on product accuracy. The influence of various spatial factors on 3B42V7 data accuracy showed significant mutual enhancement, rather than individual, when influencing the product accuracy, and most enhancements were nonlinear.
